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formance	 is	 then	validated	after	 final	assembly.	However,	 this	does	not	con‐
trol	 how	 robust	 the	 product	 performance	 is,	 i.e.	 how	much	 it	 will	 vary	 be‐
tween	 the	 specification	 limits.	 In	 this	 paper,	 a	model	 for	 predicting	product	
performance	 is	 proposed,	 taking	 into	 account	 design,	 assembly	 and	 process	
parameters	live	from	production.	This	empowers	production	to	maintain	final	
product	performance,	instead	of	part	quality.	The	PRECI‐IN	case	study	is	used	





material	 and	 manufacturing	 process,	 were	 taken	 from	 different	 industries.	
The	 interviews	with	quality	 experts	 revealed	 that	 the	 typical	 time	 taken	 for	
corrective	 action	 for	 both	 cases	was	 accounted	 to	 be	 seven	 days.	 Using	 the	























The	 variation	 in	 functional	 performance	 is	 determined	 by	 both	 design	 and	 production	 [1],	 as	
described	 by	 the	 Variation	 Management	 Framework	 (VMF)	 [2].	 Several	 researchers	 have	
explained	how	to	handle	robustness	during	design	[3‐5].	Performance	variation	is	driven	by	its	
sensitivity	to	design	parameters	and	how	much	they	vary.	Many	tools	are	available	to	help	design	
engineers	 to	 manage	 design	 parameter	 variation	 and	 design	 sensitivity	 [6].	 However,	 few	
methods	have	been	developed	 to	 achieve	 robustness	 from	a	manufacturing	perspective	which	
currently	 has	 the	 focus	 on	 producing	 part	 to	 a	 specification	 determined	 by	 design.	 Quality	
estimations,	monitoring	and	control	 in	 industry	are	driven	by	Statistical	Quality	Control	 (SQC)	
and	Statistical	Process	Control	 (SPC)	 [7].	 Common	practice	 is	 to	understand	process	variables	
through	SPC	techniques	and	change	their	process	settings	for	reducing	product	variation.	This	is	
to	much	 an	 extent	 reactive	 control	 of	 performances	 and	 the	 estimation	 accuracies	 are	 limited	











and	 measured	 before	 assembly	 to	 allow	 for	 matching	 complementary	 variations	 in	 parts	 for	
better	performance.	Neural	network	principles	are	effectively	applied	in	process	manufacturing	
industries	to	estimate	the	final	product	performance	with	measured	variables	beginning	of	the	







performance	of	 a	product	 through	 its	 life,	 or	 in	different	use	condition/scenarios.	Unit	 to	unit	













is	 known	 as	 sensitivity	 and	 can	 be	 non‐linear	 and	 therefore	 dependent	 on	 nominal	 value.	















Complexity	 increases	when	each	design	parameter	 influences	more	 than	one	 function.	For	 the	
design	of	a	snap	hook,	the	thickness	of	snap	hook	arm	has	an	influence	on	the	force	required	to	
deflect	the	arm	and	also	the	tensile	strength	of	the	hook	once	the	snap	has	engaged.	If	we	need	to	
























Fn ൌ ሺs1 ൈ ܦܲ1ሻ ൅ ሺs1 ൈ ܦܲ2ሻ൅ . . ൅ሺsn ൈ ܦܲ݊ሻ	 (1)
∆Fn ൌ ሺs1 ൈ ∆ܦܲ1ሻ ൅ ሺs1 ൈ ∆ܦܲ2ሻ൅ . . ൅ሺsn ൈ ∆ܦܲ݊ሻ	 (2)
DP	variations	(ΔDP)	are	caused	by	various	process	and	equipment	influences	in	manufacturing.	
Identifying	all	those	Influencing	Factors	(IF)	and	quantifying	the	DP	sensitivity	to	each	of	them	is	























Axiomatic	 conditions:	When	 IFs	 affect	 the	 performance	 of	multiple	 functions	 of	 the	 product,	 it	
becomes	more	complex	to	manage.	Adjusting	one	IF	to	compensate	for	another,	may	bring	the	
performance	 of	 one	 function	back	 to	 the	 target	 value,	 but	may	have	negative	 effects	 on	 other	
functions.	
Degree	of	Control:	 All	 IFs	will	 not	 completely	 be	within	 production	 control.	 For	 example,	 raw	
material	 characteristics	 are	 specified	with	 certain	 variation	 acceptance.	 As	 long	 as	 it	 is	main‐


























The	 intention	of	 the	monitoring	system	 is	 to	 indicate	which	 function	 is	varying,	by	how	much	
and	due	 to	which	 IFs.	After	 identification,	 the	relationship	between	 those	 IFs	and	 the	 function	















































has	 to	know	 the	measurements	of	 each	part	 from	 the	 same	assembly.	Assembly	 lines	of	mass	
production	work	on	different	logistic	principles,	for	example,	in	a	Just	In	Sequence	(JIS)	system;	
parts	 from	manufacturing	units	reach	the	assembly	 line	 in	the	same	sequence	as	the	assembly	
plan.	In	these	systems	part	measurements	happen	at	the	part	manufacturing	location	only.	In	the	
present	 globalized	 situation,	 often	 parts	 come	 from	 overseas.	 Measurement	 data	 captured	 at	
various	locations	needs	to	be	bought	together	and	analysed.	Advancements	in	PDM/PLM	tools	in	
















Level1	 –	 Shows	 the	 status	 of	 final	 product	 Dimensional	 Targets	 and	 Functional	 Requirement.	
Mathematical	relationships	of	DTs	and	FRs	are	derived	from	design	philosophy.	
Level2	–	Shows	the	status	of	Design	parameters.	The	relationship	between	Level1	and	Level2	is	




























































influence	 of	 the	 different	 PPs	 to	 the	 DPs.	 Dimensional	 variation	 of	 mass	 produced,	 injection	
moulded	parts	can	be	modelled	based	on	the	analysis	of	previous	experiments	determining	the	






∆ܲ݌ ൌ ሺ2 ൉ 10ିସ ൉ ∆MTሻ ൅ ሺ3 ൉ 10ିସ ൉ ∆ܪܲሻ െ ሺ2.5 ൉ 10ିସ ൉ ∆ܥܶሻ ൅ ሺ3 ൉ 10ିଷ ൉ ∆Tሻ ൅	






∆ܤݏ ൌ ሺ1.4 ൉ 10ିଶ ൉ ∆MTሻ ൅ ሺ6.4 ൉ 10ିସ ൉ ∆ܪܲሻ െ ሺ1.65 ൉ 10ିଶ ൉ ∆ܥܶሻ െ ሺ2 ൉ 10ିଶ ൉ ∆Tሻ ൅	








8.	However	 the	 Indicator	Mismatch	(IM)	 is	a	 final	assembly	dimension	which	 is	counted	as	an	
FR.	As	all	the	parts	are	assembled	on	to	features	of	other	parts,	no	Assembly	Parameters	(APs)	

















































To	give	some	examples	of	 the	 impact,	 two	quality	experts	were	 interviewed	 from	different	 in‐
dustries	to	describe	the	procedure	and	the	time	required	to	achieve	typical	quality	aims.	To	en‐
sure	a	reasonable	comparison,	projects	were	chosen	with	similar	characteristics	to	PRECI‐IN,	in	
terms	of,	 the	number	of	 components,	plastic	components	and	 the	 forces	 involved.	The	context	
were	also	similar,	where	the	performance	was	with‐in	specification	but	improvement	intended.	
Table	3	describes	 the	main	differences	between	 the	PRECI‐IN	case	and	 those	described	 in	 the	
interviews.	The	 industry	 influences	the	analysis	procedure	and	time	for	concluding	actions.	As‐
sembly	cycle	time	indicates	the	minimum	time	required	to	make	a	PP	change	visible	in	the	final	
product	 for	each	 iteration.	The	production	volume	 impacts	 the	 time	available	 for	 iteration,	The	
percentage	 of	 in‐house	manufacturing	 determines	 the	 number	 of	 controlled	 PPs.	 The	 time	 to	
conclude	action	and	the	#	of	DPs	and	PPs	acted	on	were	recalled/estimated	by	the	interviewees.	












Automotive		 6000/day	 4	h	 10 % 7 days 2	 7



























































































Rsl	 Dsa	 Dsp AT AH	
0.4	mm	 0.05	mm	 0.05	mm 2	°C	 1	%	
ΔPBH	 0.20	 NA	 NA 0.03 0.02	 0.25	
ΔDA1	 NA	 NA	 NA 0.00 0.00	 0.00	
ΔDA2	 NA	 NA	 NA 0.10 0.01	 0.11	
ΔFDF	 NA	 NA	 NA 0.40 0.49	 0.89	
ΔBDF	 NA	 NA	 NA 1.41 1.04	 2.45	
ΔIM	 NA	 0.10	 0.10 0.10 0.00	 0.30	
5. Conclusion 
Proposed	monitoring	system	 found	capable	 to	 reduce	 final	product	performance	variation	dy‐
namically	by	providing	most	effective	adjustments	 in	process	parameters.	This	 is	analysed	 for	
injection	moulded	 parts	 assembly	 case.	 Adapting	 this	monitoring	 system	 as	 part	 of	 a	 project	
from	 the	 beginning	 allows	 ensuring	 the	 correct	 information	 flow	 from	 design.	 This	 shifts	 the	
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 Some challenges that left for future work are:  
• Deriving relationship equations at the manufacturing stage demands conscious experi-ments and data validation. The challenge of applying uncontrolled variables in the exper-iments reduces the accuracy of relationship equations. 
• Industry follows several approaches to calculate contribution and sensitivity. This may lead to different interpretations of the same information. 
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